In the deregulated energy market, the accuracy of load forecasting has a significant effect on the planning and operational decision making of utility companies. Electric load is a random non-stationary process influenced by a number of factors which make it difficult to model. To achieve better forecasting accuracy, a wide variety of models have been proposed. These models are based on different mathematical methods and offer different features. This paper presents a new two-stage approach for short-term electrical load forecasting based on least-squares support vector machines. With the aim of improving forecasting accuracy, one more feature was added to the model feature set, the next day average load demand. As this feature is unknown for one day ahead, in the first stage, forecasting of the next day average load demand is done and then used in the model in the second stage for next day hourly load forecasting. The effectiveness of the presented model is shown on the real data of the ISO New England electricity market. The obtained results confirm the validity advantage of the proposed approach.
Introduction
With the deregulation of the energy market and the promotion of the smart grid concept, load forecasting has gained even more significance. Generation capacity scheduling, coordination of hydro-thermal systems, system security analysis, energy transaction planning, load flow analysis and so on are all tasks which rely on accurate short-term load forecasting (STLF) [1] . On the other hand, electric load is a random non-stationary process which is influenced by a number of factors, including: economic factors, time, day, season, weather and random effects, all of which leads to load forecasting being a challenging subject of inquiry.
During the past few decades, a wide variety of models have been proposed for the improvement of STLF accuracy. Conventional methods include: linear regression methods [2] , exponential smoothing [3] and Box-Jenkins ARIMA approaches [4] which are linear models which cannot properly represent the complex nonlinear relationships between loads and their various influential factors. Artificial intelligence-based techniques are employed because of the good approximation capability for non-linear functions. These methods include: Kalman filters [5] , fuzzy logic [6, 7] , knowledge-based expert system models [8] , artificial neural network (ANN) models [9, 10] and support vector machines (SVMs) [11, 12] . No single model has performed well in STLF and hybrid approaches are being proposed to take advantage of the unique strength of each method. An adaptive two-stage hybrid network with a self-organized map and support vector machines is presented in [13] . A hybrid method composed of a wavelet transform, neural network and evolutionary algorithm is proposed in [14] . A combined model based on the seasonal ARIMA forecasting model, the seasonal exponential smoothing model and weighted support vector machines is presented in [15] with the aim of effectively accounting for the seasonality and nonlinearity shown in the electric load. Another seasonal model which combines the seasonal recurrent support vector regression with a chaotic artificial bee colony algorithm is proposed in [16] to determine the appropriate values of three parameters of SVRs.
In spite of all the performed research in the area of STLF, more accurate and robust load forecast methods are still required. One can also highlight some interesting works in this area, especially in recent years. A combined aggregative STLF method for smart grids which obtain a global forecasting by summing up the forecasts on the compounding individual loads is introduced in [17] , with three new approaches proposed: bottom-up, top-down and regressive aggregation. A new singular value decomposition based exponential smoothing method is presented in [18] , where it is applied to the intraweek cycle, which leads to a simpler and potentially more efficient model formulation. The new method is similar to the Holt-Winters exponential smoothing method, but both were outperformed by the unrestricted form of intraday cycle exponential smoothing. A combined forecast model constructed as the simple average of the weather-based method, the Holt-Winters exponential smoothing and proposed method, obtained the best results at all horizons. Also, these univariate methods outperformed a weather-based method up to about five hours ahead. In [19] an integrated approach which combines a self-organizing fuzzy neural network method with a bilevel optimization method is proposed for STLF. The proposed approach uses self-organizing fuzzy neural network advantage to automatically determine both the model structure and parameters, and bilevel optimization method advantage to automatically select the best pre-training parameters to ensure that the best fuzzy neural networks are identified. In [20] , the comparison between the frequently used radial basis function network in STLF and the modified radial basis function network with a genetic algorithm for weight estimation and a nonsymmetrical penalty function with different penalties for over-forecasting and under-forecasting is presented. The obtained results show the efficiency of the proposed method with the new forecasting metric which is the extension of the conventional sum of the squared error metric. Two methodologies for bus load forecasting, i.e., multimodal load forecasting are proposed in [21] , where one individually forecasts the local loads while the second forecasts the global load and then individually forecasts the load participation factors to estimate the local loads. In both methodologies a modified general regression neural network with automatic feature selection to reduce the number of inputs of the artificial neural networks is used.
In order to improve forecasting accuracy, in this paper emphasis is placed on model features in the context of machine learning models. It is well known that the balance between the size of the feature set and the quality of the chosen features is important, regardless of which method is used for modeling. A small feature set cannot provide enough information about the load and, on the other hand, too many features do not necessarily provide more information, but may bring noise to the model. The selection of appropriate model features which carry the right information about load behavior is one of the most important tasks. An analysis of what kind of information should be included in the model for mid-term load forecasting was done in [11] and a winning model feature set consists of calendar weekday features and time-series past load demand features. The approach in [22] , in addition to the weekday calendar features, proposed using the hour of the day feature in STLF problems, and also suggested the use of temperature as the most important weather variable because of the strong correlation between temperature and load. Other weather variables (wind velocity and cloud cover) are also analyzed but in the end are neglected. The final feature set consists of an hour indicator, day indicator and estimated temperature at the hours k, k − 1 and k − 2, without using time-series past load. As load time series indicated a clear daily and weekly seasonality, in [23] the effects of the days of the week and special days, such as holidays, are included in the model. To model these effects, several features are introduced besides weekday features such as holidays, working days after or before a holiday, work only during the mornings or only during the afternoons, the Saturday after a holiday, special holidays and so on. Also, in order to choose the appropriate feature subset which best describes the load, in some papers the choice of features is not done manually, and it is common to use some of the algorithms for feature selection. In [24] , ant colony optimization is applied to yield optimal feature subsets. The initial feature set is composed of 38 features which are selected to describe hourly and weekly load behavior and the correlation with weather variables. Some included features are the maximum, minimum and average temperatures during the last seven days, six temperature points on the forecasted day, forecasted day rainfall, wind speed, humidity, cloud cover, month, season, week, whether the day is a holiday or not, whether the day is a weekend or not and so on. At the end of the feature selection, 21 features were dropped from the initial set. The features have been selected by using a cross-correlation analysis in [25] . The feature set is composed of the previous hour load, the load of the previous day, load of the previous week and the load from two weeks ago.
It may be noted that the list of used features is wide and varies from work to work but they all have the same goal, to improve the model and achieve the best forecast accuracy. With the same aim, in this paper a new approach to STLF is proposed. An additional feature, next day average load demand, is appended to the STLF model feature set. As this feature is unknown for the next day, in the first stage, the forecasting of the average daily load is carried out. Then, in the second stage, the forecasted average daily load is incorporated into the STLF model and the forecasting of the hourly load for the next day is carried out. It is important to emphasize here that the proposed approach is distinguished from others by the use of the average load in the model, such as for example the Box-Jenkins approach, in terms of using it in the context of the machine learning model, more concretely the LS-SVM. In this way this feature has direct influence in the training phase of the model formation. The results obtained from experiments on the real electricity market data indicate the validity and advantage of this approach.
The rest of the paper is organized as follows: Section 2 presents the basics of least-squares support vector machines (LS-SVM) used in the regression. Next, Section 3 shows electrical load data features and presents the proposed STLF approach. Section 4 includes a variety of experiments to verify the proposed approach. Finally Section 5 outlines the conclusions.
Least Squares Support Vector Machines Model
The brief basic concepts of LS-SVMs are introduced. SVMs were proposed by Vapnik in [26] , and are widely used for load forecasting, in addition to ANNs which also show a good approximation capability for non-linear functions. However, SVMs are based on the structural risk minimization principle in order to minimize the upper limit of the estimation error, rather than the empirical risk minimization which minimizes the training error used by ANNs. Consequently, by solving the quadric programming (QP) optimization problem, SVMs always manage to achieve the global optimum solution, instead of possibly stocking the local optimum like ANNs models. This approach, by using nonlinear kernels, leads to a very good generalization performance and sparse solutions. LS-SVMs, defined in [27] , as reformulations of standard SVMs instead of solving the QP problem, which is complex to compute, obtain a solution from a set of linear equations. Therefore, LS-SVMs have a significantly shorter computing time and they are easier to optimize.
Let us consider a given training set {x k , y k }, k =1,…, n with inputs p k x R ∈ and outputs k y R ∈ . The following regression model can be built by using a non-linear mapping function ( ):
which maps the input space into a high-dimensional feature space and constructs a linear regression in it. The regression model in primal weight space is expressed as follows:
where ω represents the weight vector and b is a bias term. LS-SVM formulates the optimization problem in primal space presented as follows:
subject to equality constrains expressed as follows:
where e k represents error variables; γ is a regularization parameter which gives the relative weight to errors and should be optimized by the user.
In order to solve the optimization problem defined with Equations (2) and (3), it is necessary to construct a dual problem using the Lagrange function. Once the mathematical calculations were carried out, described in detail in [27] , the following linear system was obtained:
In Equation (4),
there are Lagrange multipliers, I is an identity matrix and ( ) ( )
Once the system defined in Equation (4) is solved, the solutions for α and b are obtained. It is shown in [27] that usually all Lagrange multipliers are non-zero, which means that all training data participate in the solution, i.e., every data point represents a support vector. Compared with SVM, the LS-SVM solution is not sparse.
The resulting LS-SVM model for function estimation in dual form is defined as follows:
The dot product ( ) ( ) ( )
is known as a kernel function. Kernel functions that satisfy Mercer's condition enable computation of the dot product in a high-dimensional feature space by using data inputs from the original space, without explicitly computing ϕ(x).
A commonly used kernel function in non-linear regression problems, one that is employed in this study, is a radial basis function represented as follows:
where the kernel parameter σ 2 denotes the squared variance of the Gaussian function. When choosing the RBF kernel function with the LS-SVM, the optimal parameter combination (γ, σ) should be established, where γ denotes the regularization parameter and σ is a kernel parameter. It can be noticed that only two additional parameters (γ, σ) need to be optimized, instead of three (γ, σ, ε) as in SVM. Parameter selection is the most significant part during the formation of the LS-SVM regression model, because it has a significant effect on the performance, both in terms of accuracy and computing time. Accordingly, for this purpose, a grid search algorithm in combination with k-fold cross validation was used in this study.
Model Formation

Features of Electric Load
The electric load is a random non-stationary process influenced by a number of factors which makes it difficult to model. Choosing appropriate input features to build the model is an important task in load forecasting. There is no general approach to conduct this problem, but load curve analyses and statistical analyses can be helpful for choosing key features to build a good load forecasting model.
The real-life STLF test case is considered in this paper to evaluate the performance of the proposed forecast approach. This STLF test case is related to the ISO New England power system, which is an electricity market in the U.S. The employed data for the load in this test case are publicly available data obtained from a website [28] . Figure 1 shows the power load curves for four months, which are typical representatives of each quarter of the year. 
In Figure 2 , the hourly load during the week is presented for four weeks in February, May, August and November. It is obvious that the daily load on work days is greater than the load on weekends. The reasons for this are people's behavior during the week, and this pattern is periodically repeated each week. All this imposes using the day of the week for the features in the model. Figure 3 shows hourly load during the day for each day in one week in February, May, August and November. This curve is influenced and shaped by people's daily habits. The load changes from hour to hour during the day, indirectly following consumer behavior. This brings one more important variable to the feature set, and that is the hour of the day. Also, it can be noticed that the curves have a similar shape but different magnitude from day to day in the week. This also confirms the validity of using the day of the week for the model feature with the aim of mapping this property. However, from Figures 2 and 3 it can be observed that the daily load curve is different for the four given months. This difference is reflected not only in load magnitude but also in the shape of the load curves. 
It is clear that the average daily load on the weekends is smaller than on week days. It also can be seen that power consumption on Tuesday and Wednesday is much greater than on the other days.
The Proposed Approach
As previously described, electric load is a nonlinear, time variant and multi-variable function. It is very difficult to capture the correct mapping function of such a signal in all the time spans. To solve this problem, a new two-stage STLF approach based on least squares support vector machines with the architecture shown in Figure 5 is proposed in this paper. Beside the Figure 5 which shows graphical representation of the proposed approach, a step-by-step procedure of two-stage LS-SVM model training and forecasting is given in algorithm 1. In the first prediction stage, Stage I, forecasting of the next day average load is done. This is performed by Model I, whose inputs consist in total of t + s features, where t is the number of past average daily load time-series features and s is the number of non-time series features. The past average daily load time horizon is set to t = 7, i.e., the model uses the last seven average daily loads from the prediction moment ( (5) and (6) and the previously optimized parameters γ and σ train the LS-SVM forecasting Model I, 1.4. In order to predict the average load for one step ahead, i.e., for the next day, seven past average daily loads and the next day of the week indicator form the input test vector for model I, 1.5. At the end of stage I, the average load for the next day is obtained and passed on to Stage II.
Stage II
2.1. Model II training set formation using hourly load data for the corresponding months from three previous years. This training set contains 2016 vectors in total and each vector is composed of features from 24 past hourly loads, the current day of the week indicator, the current hour of the day indicator and the current average daily load. Normalize all of the features in the [0-1] range by using min-max normalization, 2.2. Based on this training set and grid-search algorithm with a k-fold cross validations procedure (k = 10) obtain the optimal parameters γ and σ for the LS-SVM model II, 2.3. Using expressions (5) and (6) and the previously optimized parameters γ and σ train the LS-SVM forecasting Model II, 2.4. Now, the input test vector is formed from the 24 past hourly loads, the next day of the week indicator, the next hour of the day indicator and the average load for next day, obtained from Model I in Stage I, 2.5. Employ model II with the test vector for the prediction of the hourly load for one step ahead, i.e., for the next hour, 2.6. Update the test vector, first shift the 24 past hourly loads one place to the left and then add the prediction for the past hour in last place, then, update the hour of the day indicator (the day of the week indicator and the daily average load remains the same), 2.7. Go to Step 2.5. until the prediction of the hourly loads for the 24 steps ahead are obtained, 2.8. At the end of stage II, the hourly load for next day is obtained.
When the structure of the inputs is defined, the training set which contains an n number of inputs is formed. For Model I training, the total number of inputs is set to n = 1095, i.e., the training set contains inputs for the previous three years before the prediction moment. As the experiment results will show, this value is sufficient to catch the evolving nature of the average load pattern. After establishing the training set, the training of the LS-SVM forecasting of Model I is performed. In order to have an optimal training of the model, the data set has to be normalized before training. This prevents the dominance of any features in the output value and provides faster convergence and better accuracy of the learning process. Accordingly, all of the features are normalized within the range [0-1]. After that, the optimal (γ, σ) pair is determined on a training set using a grid search with k-fold cross validations, as mentioned in Section 2.
The training set is randomly subdivided into k disjoint subsets of approximately equal size and the LS-SVM model is built k times with the current pair (γ, σ). Each time, one of the k subsets is used as the test set and the other k-1 subsets are put together to form a training set. After k iterations, the average model error is calculated for the current pair (γ, σ). The entire process is repeated with an update of the parameters (γ, σ) until the given stopping criterion (e.g., Mean Squared Error) is reached. The parameters (γ, σ) are updated exponentially in the given range using predefined equidistant steps, according to the grid-search procedure. After obtaining the optimal (γ, σ) combination, values for α and b are obtained from Equation (4), and the LS-SVM Model I is formed according to Equations (5) and (6) . The test vector is constructed in regard to the previously defined feature set structure and Model I is then employed for the prediction of the average load for one step ahead, i.e., for the next day. When the next day average load is obtained, it is passed to Stage II where the forecasting of the next day hourly loads is done. The Model II feature set is also composed of both time-series and non time-series types of features. The past hourly load time horizon used for this model is t = 24, i.e., the model uses the last 24 hour loads from the prediction moment ( P . In the training phase of Model II, the last mention feature is obtained as an average from the history of hourly loads, and therefore has an exact value, while in the prediction phase this value is obtained in Model I, and therefore represents a predicted value. After defining the structure of training inputs, the Model II training set is formed from approximately m = 2016 inputs, i.e., the training set contains hourly inputs from three months in the past three years, e.g. if the hourly loads for each day in February 2012 need to be predicted, the training set consist of the inputs from February 2009, 2010 and 2011. This is not necessary but it is shown in [11] that the training set calendar congruence with the predicted period produces better forecasting accuracy and reduces the time needed for model formation. After establishing the training set, training of the LS-SVM forecasting Model II is performed in the same manner as the training of Model I. After Model II is trained, it is then committed with the test vector which is formed in regard with the previously defined feature set structure, and the prediction of load for one step ahead, i.e., for the next hour is done. After that it is necessary to update the test vector for the next prediction step, i.e., for the next hour. The update is needed because the exact values of the load for the past 24 hours are available only for the first prediction step. After that, for the next predictions, the predicted values from the previous steps are used instead of the exact ones, which are unknown at that moment. Accordingly, the test vector is first shifted left for one place, the hour feature is updated (the day and average load features remain for the current day) and prediction from the previous step is placed in the final position. The whole process is repeated 24 times and in the end, hourly predictions for the next day will be obtained.
Experimental Results
For the evaluation of the proposed STLF approach, the forecasting of hourly loads for four typical month representative of each quarter of the year was done for each day. The results are obtained for August 2011, November 2011, February 2012 and May 2012. This implies that the results from the Stage I forecasting model for the prediction of the next day average load, must first be obtained. Also, the evaluation of these results is important, because they directly influence final STLF accuracy and provide insight into the extent of this dependence, and that is a useful indicator of new feature contributions to STLF accuracy.
The prediction quality is evaluated using the Mean Absolute Percentage Error (MAPE), Maximum Error (ME) and Absolute Percent Error (APE) as follows, respectively:
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where i P and ˆi P are the real and the predicted value of the load demand in the i th hour and n is the number of hours. Real and predicted average daily loads are shown in Figure 6 for August, November, February and May respectively. In the same Figure, daily APEs are given to illustrate the deviation in the prediction of next day average load. 
In Table 1 , minimum, average and maximum APE values of entire test sets are shown to also give an indication of the range of APE values in addition to the graphic representations. The first column indicates the test month set, while the second to forth indicate minimum, average and maximum monthly APE values. These APE values fall within scope of interest not because the development and evaluation of the next day average load forecasting model was carried out here, but because we are interested in how the proposed STLF model will behave using the predicted next day average load values in that range. Figure 6 and Table 1 give as a sense of the range of the forecasted average load APE for each day in test sets. Thus the days that do not have a satisfactory average load forecasting accuracy can be identified with the aim of monitoring the results of hourly load forecasting on these days. It is of interest because the forecasted average load at stage I is used as input at stage II, where hourly load forecasting is done, as stated above.
To examine the STLF model behavior when it uses the next day average load feature with different APE values, three sets for two test month of next day average loads were artificially generated using the reverse process of calculating APEs with respect to APE values of 2.5, 5 and 7.5%. This resembles a prediction of next day average loads, where the obtained values are in the range of 2.5, 5 and 7.5 of the APE for each day in the test set. When these artificially generated values are collected, they are used as a feature in the input vector for Model II and the forecasting of the next day hourly loads are carried out. In Table 2 , the STLF results obtained using artificially generated values for next day average loads are shown. The first column indicates the test month set and the second, the artificially generated value in the input vector, where I2.5 means an artificial next day average load with 2.5 APE, I5 with 5 and I7.5 with 7.5 APE. The remaining columns contain values for minimum, average and maximum monthly values of MAPE and ME. From this table it can be observed that the MAPE and ME values, regardless of whether they are minimum, average or maximum values, increase with the rise in the APE of the next day average load artificially generated values used in the input vector. Thus, it can be noted that the accuracy of the proposed STLF model will increase with an increase in the next day average load forecasting model accuracy, i.e., if the next day average load predicted value is closer to the real value, then the STLF model will also give accurate predictions. To give a graphic representation of the STLF accuracy of the proposed approach, from its obtained results for test sets, daily MAPEs are calculated and shown in Figure 7 . In this figure, five curves for each test month can be seen, each corresponding to the LSSVM-I, LSSVM-TSTL, LSSVM-TS, DS-ARIMA and DS-EST model respectively. The LSSVM-I (least square support vector machines initial) model curves represent daily MAPEs for initial model forecasting, i.e., a model whose feature set consists of 26 features: days of the week, hours of the day and 24 past load time-series features. In addition to the features in the LSSVM-I model, models LSSVM-TSTL (least square support vector machines two-stage true average load) and LSSVM-TS (least square support vector machines two-stage) have one more feature, the next day average daily load. Although the LSSVM-TSTL and LSSVM-TS models share the same model structure, they have different inputs in the prediction step. The LSSVM-TSTL model in the input vector for next day average load feature uses exact values, which cannot be used in the real scenario because this value is not known for the step forward, while the LSSVM-TS model uses previously predicted values from Stage I. In addition, due to the verification of performance of a proposed method, the double seasonal ARIMA model (DS-ARIMA) proposed by Taylor et al. [29] and the double seasonal exponential smoothing model (DS-EST) proposed by Taylor [30] , are also involved in the comparison.
Bearing in mind the obtained results for average daily load in Figure 6 , the days characterized by higher MAPEs can be recognized. This refers to the days when the MAPEs are at least twice the values of the average daily MAPEs for a given month. As can be seen in Figure 7 , on these days daily MAPEs for the proposed model LSSVM-TS are higher compared to the model LSSVM-TSTL which uses a true next day average load, i.e., prediction accuracy is reduced as a result of inaccurate next day average load forecasting at stage I. This behavior is especially pronounced in several days in each test month, so for example on days 1, 9, 16, 23, 28 in August, 1, 7, 24, 30 in November, 1, 6, 12, 19, 22, 24, 28 in February and 5, 7, 14, 16, 17, 26, 27, 29 in May. On these days the difference in MAPEs is significantly expressed compared to the LSSVM-TSTL model, but on the other hand on days when the predicted average daily load is nearly equal to the real average daily load, there was a significant improvement in the forecasting accuracy at stage II. This does not mean that the on previously mentioned days with a slightly larger MAPE at stage I there was no improvement compared to the initial LSSVM-I model, which does not use next day average load in the feature set. Also, it should be noted that there are days for the proposed LSSVM-TS model with obtained MAPEs greater than those of the initial LSSVM-I model. These are for example the following days: 1, 7, 17 in August, 15 in November, 5, 6, 19, 24 in February and 5, 6, 7, 14 in May. The reason for this is that on these days the inaccurate next day average load was used in stage II, i.e., as can be seen in Figure 7 on these days in the LSSVM-TSTL model with real next day average load gain, better MAPEs were determined compared to the proposed LSSVM-TS model, but also compared to the initial LSSVM-I model. This is not entirely true for days 7 in August, 6 in February and 6 in May where the initial LSSVM-I model obtained better MAPEs than the LSSVM-TSTL model. That can be expected in some situation when the hourly load curve is not strongly correlated with the daily average load, which then gives faulty information to the model. Table 3 shows the minimum, average and maximum values of MAPEs and MEs in the third to the fifth, i.e., in the sixth to the eighth column, respectively, where the first column indicates the test set and the second column indicates the model. Table 3 provides a general overview of the behavior of the proposed LSSVM-TS model compared to not only the initial LSSVM-I model and LSSVM-TSTL model, but also compared to the DS-ARIMA and DS-EST models which take into account the time series trend and seasonality. The proposed LSSVM-TS model has smaller MAPE values than the LSSVM-I, DS-ARIMA and DS-EST models for all the test months. It should be noted that in Figure 7 there are days when the DS-ARIMA and DS-EST models gain better accuracy than the proposed LSSVM-TS model but on a monthly average the LSSVM-TS model is superior. The reasons why the proposed LSSVM-TS model has obtained smaller MAPEs can be found in several facts: the nonlinear mapping capabilities and structural risk minimization of LS-SVM model itself, the recurrent mechanism with superior capability to capture more data pattern information from the past load data and the indirect trend adjustment with an introduction of average daily load in the feature set. However, the proposed model prediction accuracy can be distorted because of these aforementioned facts, due to the using inaccurate prediction of the next day average load at Stage II. 
Conclusions
Electric load forecasting is a complex problem and electric load data present nonlinear data patterns caused by influencing factors. In order to overcome this, one approach for improving short-term load forecasting is presented in this paper. The proposed approach is based on two LS-SVM prediction models, in two stages, where the first stage introduces a new feature, average daily load, into the second stage. The introduction of the average load into the feature set for the next day hourly load forecasting model is done with aim to examine its potential in the electric STLF. Moreover, this paper studied and revealed the influence of a new type of feature on STLF accuracy, besides the widely used calendar, climate and time-series features, and provided an efficient method for forecasting it.
Three other alternative models, LSSVM-I, DS-ARIMA and DS-EST models are used to compare the forecasting performance. The experiment results indicate that the proposed LSSVM-TS model has significant improvements among other alternatives in terms of forecasting accuracy. Furthermore, it has been shown that the quality of the proposed LSSVM-TS model directly depends on the quality of the next day average load predictions. As the experiment results have shown, by generating artificial average load samples, the accuracy of forecasting at stage II increases with an increase in the forecasting accuracy in stage I. Also, despite the usage of predicted or true value for next day average load, i.e., LSSVM-TS or LSSVM-TSTL models, in both cases the generated STLF models generally performed better than the initial LSSVM-I model. Of course, usage of the exact next day average load in the STLF model input obtained the best forecasting results. However, this value is unknown and attempts should be made to obtain a value as close to the true value as possible, which would improve STLF accuracy.
Although the results are promising, further work could consider the development of a more advanced model for the prediction of average daily load for one day ahead in order to make it more accurate and thus improve STLF accuracy even more.
